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Abstract

Aero-engine safety and prognostics and health management (PHM) rely on robust vibration-
based fault diagnosis. However, many deep learning studies on rotating machinery are
evaluated under random train–test splits that mix hardware instances and may obscure
the domain shift faced in deployment. This paper presents a protocol-driven end-to-end
baseline for multi-sensor aero-engine-relevant vibration diagnosis on the HIT inter-shaft
bearing benchmark. Six synchronous vibration channels are segmented into fixed-length
windows, standardized using source-domain statistics, and classified by a compact 1D
CNN backbone with and without squeeze-and-excitation (SE) channel attention. A deeper
ResNet1D baseline is further introduced to examine whether increasing backbone capac-
ity improves cross-bearing generalization under the same source-only training protocol.
We compare random segment-level splits with bearing-level cross-splits that hold out
entire bearings as unseen target domains, and we report deployment-oriented indicators
including balanced accuracy, false-alarm rate (FAR), and miss rate over five random seeds.
Under random splits, the compact CNN baseline reaches near-ceiling test accuracy, con-
firming that the benchmark is readily separable under in-domain interpolation. In contrast,
cross-bearing evaluation reveals severe degradation: in the representative split, the base-
line CNN accuracy collapses to approximately 15% with near-zero normal-class recall,
while ResNet1D improves fault sensitivity but still retains a high FAR above 88%. Addi-
tional cross-bearing permutations further show that this degradation is not attributable
to a single unfavorable source–target split. These findings indicate that, under the tested
source-only backbones and protocols, distribution mismatch is a dominant bottleneck for
deployment-ready cross-bearing diagnosis. The results establish a reproducible baseline
for protocol-driven evaluation in aero-engine PHM and motivate future work on domain
adaptation, domain generalization, calibration, and sequential decision logic.

Keywords: aero-engine vibration; inter-shaft bearing; deep learning; domain shift; fault
diagnosis

1. Introduction
Aero-engines operate under high rotational speed, high thermal load, and strong

aerodynamic excitation, where vibration is both an unavoidable dynamic response and a
key observable for condition monitoring and safety assurance [1–3]. In industrial practice,
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vibration-based monitoring is widely adopted because it is non-intrusive, responsive
to mechanical anomalies, and compatible with on-line trending and alarm systems [4].
However, aero-engine vibration is typically multi-source and non-stationary, and the
measured signals often reflect coupled effects from shafts, bearings, casings, and flow-path
excitations rather than a single isolated component [3,5]. This coupling complicates reliable
early warning, especially for incipient faults whose signatures can be weak compared with
operating-condition variability and measurement noise [6].

Among vibration-related anomalies, rotor–stator rubbing and bearing-related faults
are especially relevant because they can escalate quickly and may manifest as intermittent,
nonlinear, and transient features [7,8]. Classical diagnosis pipelines therefore rely on signal
processing and hand-crafted indicators to highlight impulsive or modulated components [6,9].
These methods are well-established and interpretable, yet their performance can be sensitive to
parameter choices, operating conditions, and sensor placement; moreover, feature engineering
and classifier design are often decoupled, which limits end-to-end optimization [9,10]. As
a result, there is growing interest in data-driven learning systems that directly map raw or
minimally processed vibration to health states, with reduced reliance on manual feature
construction [11,12].

Deep learning, particularly convolutional architectures, has shown strong capability
in extracting hierarchical representations from time-series signals for fault diagnosis [12,13].
Batch normalization and modern stochastic optimization further improve training stability
and convergence for such models [14,15]. In addition, channel-attention mechanisms such
as squeeze-and-excitation (SE) blocks can adaptively recalibrate feature channels and have
demonstrated effectiveness in improving representation quality in deep networks [16].
However, the evaluation protocol used to assess such models is often as important as the
model architecture itself.

A central concern is that many rotating-machinery fault diagnosis studies rely on
random segment-level splits. When vibration recordings are divided into overlapping
windows, random splitting can place segments from the same physical bearing, operating
condition, or adjacent time interval into both training and test sets. Such a protocol mainly
evaluates in-domain interpolation and can produce overly optimistic accuracy, especially
when bearing-specific or run-specific signatures are shared between the two subsets [17].
This issue is not merely statistical. For aero-engine PHM, the deployed model is expected
to operate on new bearings, new assemblies, or new engines whose transfer paths and
nuisance factors were not observed during training. Therefore, a model that performs well
under a random split may still fail under an unseen-bearing deployment condition.

The broader machine-learning literature has long recognized this issue as dataset
shift or domain mismatch [18,19]. Domain-adversarial learning and deep transfer learn-
ing have also been widely studied as possible remedies [20–22]. Nevertheless, for aero-
engine-relevant multi-sensor vibration diagnosis, there remains a need for clear source-only
baselines and rigorous evaluation protocols that explicitly separate in-domain interpola-
tion from cross-bearing generalization. Without such baselines, it is difficult to determine
whether high reported accuracy reflects deployable diagnostic evidence or merely favorable
data splitting.

For aero-engine PHM, several benchmarking datasets have accelerated algorithmic
development, including turbofan degradation simulation sets such as C-MAPSS and N-
CMAPSS [23,24]. Meanwhile, rotating machinery diagnosis research frequently uses bear-
ing datasets for method validation [25]. However, these widely used datasets may not
reflect aero-engine multi-sensor vibration coupling and inter-shaft transmission character-
istics that are central to whole-engine vibration monitoring [3,5]. Hou et al. released an
inter-shaft bearing benchmarking dataset acquired from an aero-engine test rig with vibra-
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tion signals measured on rotors and casings, providing a rare opportunity to study fault
diagnosis under aero-engine-relevant transfer paths and cross-bearing generalization [26].

In this paper, we position the study as a protocol-driven and deployment-oriented
baseline rather than as a new domain-adaptation algorithm. The primary objective is to
quantify how strongly the apparent performance of end-to-end vibration diagnosis models
depends on the evaluation protocol. We use the HIT inter-shaft bearing benchmark to
compare conventional random segment-level splits with stricter bearing-level cross-splits
that hold out entire bearings as unseen target domains. This design allows us to expose
the gap between in-domain performance and cross-bearing deployability, while avoiding
target-domain statistic leakage during preprocessing.

To keep the study reproducible and interpretable, we implement a compact 1D CNN
as a transparent baseline, an SE-enhanced variant to examine the effect of channel-wise
recalibration, and a ResNet1D baseline to examine whether a deeper residual backbone can
alleviate the observed degradation under the same source-only training protocol.

The main contributions of this work are as follows:

• We formulate aero-engine-relevant multi-sensor vibration diagnosis as a cross-bearing
generalization problem and explicitly separate random segment-level evaluation from
unseen-bearing evaluation.

• We construct a reproducible source-only pipeline from six-channel time-domain seg-
mentation and leakage-free normalization to 1D convolutional classification, providing
controlled baselines with HitCNN1D, HitCNN1D_SE, and ResNet1D.

• We show that random segment-level splits can yield near-ceiling performance while
cross-bearing evaluation exposes severe false-alarm risk and unstable generalization.
Additional cross-bearing permutations further indicate that this degradation is not an
artifact of a single source–target split.

• We provide deployment-oriented analysis using balanced accuracy, false-alarm rate,
miss rate, and class-wise recall, and we identify domain adaptation, domain general-
ization, calibration, and sequential decision logic as necessary directions for future
deployable PHM systems.

2. Aero-Engine Dataset and Problem Formulation
2.1. HIT Inter-Shaft Bearing Benchmark

The experimental study is conducted on the HIT inter-shaft bearing vibration bench-
mark proposed by Hou et al. [26]. To the best of our knowledge, this benchmark is among
the first publicly described system-level aero-engine datasets for inter-shaft bearing fault
diagnosis. It simultaneously records rotor and casing vibration responses under inter-shaft
bearing fault conditions. Commonly available bench-top bearing rigs usually isolate a
single bearing–housing subsystem. In contrast, the HIT benchmark was acquired on an
aero-engine-based test platform with coupled rotor–casing dynamics and realistic transmis-
sion paths. Therefore, it contains strong broadband interference, structural resonances, and
operating-condition variability that are typically absent in component-isolated laboratory
datasets [26].

This distinction is important for deployable diagnosis. The dataset paper reports
that bearing characteristic frequencies are not directly identifiable in the conventional
spectrum for the HIT benchmark, whereas they are comparatively clearer in widely used
datasets such as the CWRU bearing data and the accelerated degradation datasets typified
by XJTU-SY [25–27]. This property makes the benchmark suitable for evaluating whole-
engine-relevant monitoring methods, because fault signatures are masked by system-level
dynamics, sensor mounting variability, and complex propagation channels [10,12].
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2.1.1. Sensors and Measurement Channels

The benchmark provides six synchronous vibration channels acquired at representa-
tive locations of the rotor–casing system. Two displacement sensors measure the horizontal
and vertical vibration displacement responses of the low-pressure rotor, and four accel-
eration sensors measure the casing vibration acceleration responses near the inter-shaft
bearing support [26]. This heterogeneous sensing configuration is consistent with practical
aero-engine monitoring, where rotor displacement and casing acceleration channels cap-
ture complementary dynamic responses. It also provides a natural setting for evaluating
multi-sensor fusion architectures [12,26].

2.1.2. Engineering Monitoring Context

For each bearing instance, the raw acquisition is a long time series sampled at 25 kHz.
Hou et al. report that the released benchmark retains fixed-length short sequences of
20,480 samples after segmentation and invalid-data removal [26]. In the public data
organization, channels 1–2 correspond to rotor displacement responses and channels 3–6
correspond to casing acceleration responses. Each sample is associated with operating-
speed metadata and a fault label in the benchmark definition [26].

In this paper, the model input is a six-channel time-domain window rather than hand-
crafted indicators such as RMS, FFT peaks, or envelope-spectrum features. This end-to-end
input design keeps the inference interface close to an on-line monitoring pipeline. It also
avoids masking distribution mismatch through feature engineering, so that cross-bearing
performance degradation can be attributed more directly to domain shift in the raw multi-
sensor measurements. The model output is a per-window fault posterior, which supports
two practical PHM actions: window-level alarming for rapid operational awareness and
optional logging of high-confidence abnormal windows for subsequent maintenance anal-
ysis. While passenger comfort is secondary to safety for inter-shaft bearing faults, early
identification of abnormal vibration signatures is still important because it can prevent
fault escalation and structural resonance [1,2,10].

2.1.3. Fault States

The dataset contains three inter-shaft bearing states: healthy bearing, inner-race defect,
and outer-race defect [26]. Although these faults are physically localized at the bearing,
their observed vibration responses are system-level mixtures transmitted through the rotor–
casing structure. The model must therefore infer the latent health state from complex
coupled measurements rather than from clean component-isolated signatures. This makes
the benchmark a useful proxy for whole-engine vibration diagnosis and a suitable testbed
for cross-bearing generalization analysis [10,26].

2.2. Multi-Sensor Vibration Segmentation

To construct supervised learning examples suitable for deep sequence models, the
raw multi-sensor recordings are segmented into fixed-length windows. Following the
benchmark setting, we segment each channel into windows of T = 20,480 samples with
50% overlap [26]. The overlap increases the effective sample count and reduces boundary
artifacts, but it also introduces strong temporal correlation between adjacent windows.
Consequently, how the dataset is split becomes a first-order methodological choice, for
segment-level random splits can unintentionally place highly correlated windows into both
training and test sets, inflating apparent performance and underestimating deployment
risk [17]. With a 25 kHz sampling rate, each window spans approximately 0.82 s, and the
50% overlap implies an effective decision update period of about 0.41 s, which is consistent
with low-latency on-line alarming in vibration monitoring systems [1,26].
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Each segmented sample is represented as a multi-channel time series:

X ∈ RC×T , (1)

where C = 6 is the number of sensor channels and T = 20,480 is the number of time
points per segment. In the processed dataset, each segment constitutes a short multi-sensor
snapshot of the coupled rotor–casing vibration response and is directly fed to end-to-end
temporal convolutions without handcrafted feature extraction.

After segmentation, we obtain 2412 labeled segments in the three-class setting, with a
moderately imbalanced distribution: 954 normal segments, 1008 inner-race fault segments,
and 450 outer-race fault segments. For binary experiments, we either merge inner- and
outer-race defects into a single fault class for Experiment 0, or restrict the task to normal
vs. inner-race segments for Experiment 2a to isolate a clean cross-bearing generalization
setting.

2.3. Fault Classes and Diagnosis Tasks

We formulate two diagnostic tasks that correspond to different layers of an aero-engine
vibration health monitoring pipeline.

2.3.1. Binary Fault Detection

Given a multi-sensor segment X, the binary detection task determines whether the
system is normal or faulty. This task aligns with on-line alarming, where stable false-
alarm behavior and high fault sensitivity are critical for operational monitoring [10,12].
Experiment 0 studies this task under a random segment-level split by merging inner-race
and outer-race defects into a single fault class. Experiment 2a studies the normal-vs.-inner-
race version of the same task under cross-bearing evaluation.

2.3.2. Fault-Type Discrimination

The three-class task further discriminates among normal state, inner-race defect,
and outer-race defect. This task is relevant when the monitoring system is expected not
only to detect abnormality but also to provide fault-type information for maintenance
decision making. The HIT benchmark specifically targets inter-shaft bearing faults, but
the methodological objective of this study is broader: to examine whether representations
learned from multi-sensor vibration remain reliable under complex signal propagation

and unseen-bearing domain shift. Experiment 1 evaluates three-class discrimination
under a random segment-level split, while Experiment 2b extends the cross-bearing setting
to a larger label space as discussed in Section 4.5.

2.4. Random and Cross-Bearing Split Evaluation Protocols

The evaluation protocol is not a minor implementation detail. It directly determines
whether reported performance reflects deployable generalization or only in-domain inter-
polation. We therefore distinguish two protocols throughout this study.

2.4.1. Random Segment-Level Splits

In many rotating machinery studies, segmented windows are randomly divided into
training, validation, and test subsets. This protocol is convenient, but it can be overly
optimistic when sliding-window segmentation is used. Segments from the same bearing
and operating condition may appear in both training and test sets, and adjacent overlapping
windows may even be separated across these subsets. The learned model can therefore
exploit bearing-specific or run-specific cues, yielding near-ceiling accuracy that primarily
reflects in-domain interpolation rather than true unseen-bearing generalization [12,17].
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2.4.2. Cross-Bearing Splits

A cross-bearing protocol is adopted to approximate the deployment regime involving
unseen bearings or new engine assemblies. In this protocol, training and validation are
restricted to source-domain bearings, while one or more target-domain bearings are held
out exclusively for final testing. This design induces an explicit distribution shift between
the source bearings and target bearings and is therefore more aligned with whole-engine
monitoring practice [26].

Formally, this setting corresponds to the dataset-shift problem,

ptrain(X, y) ̸= ptest(X, y), (2)

which is a well-known failure mode for data-driven monitoring systems [18]. It is also
closely related to transfer learning and domain adaptation, where the central objective is to
learn representations that remain stable across domains with different operating conditions,
hardware instances, or nuisance factors [19,20,22]. In Section 4, we show that the dramatic
performance gap between random splits and cross-bearing splits quantitatively exposes
the severity of domain shift in system-level aero-engine vibration data.

2.4.3. Backbone-Agnostic Evaluation

The split design is model-agnostic. In addition to the lightweight HitCNN1D backbone
and its SE-enhanced variant, we include a deeper residual 1D convolutional baseline,
ResNet1D, under the same cross-bearing protocol. This setting separates two factors
that are often confounded in vibration diagnosis studies: limited backbone capacity and
distribution mismatch across hardware instances. By holding the evaluation protocol fixed
while strengthening the backbone, we can examine whether cross-bearing degradation
is reduced by a deeper source-only model or whether the dominant bottleneck remains
source–target domain shift.

3. Proposed End-to-End Deep Learning Pipeline
3.1. Overall System Architecture

The proposed pipeline is designed to reflect an on-line vibration monitoring workflow
for aero-engine condition monitoring while remaining computationally lightweight. In
practical PHM systems, diagnostic models must process streaming sensor measurements,
update health-state estimates with low latency, and avoid excessive feature-engineering
overhead. Therefore, the pipeline is organized as an end-to-end mapping from synchro-
nized multi-sensor vibration windows to window-level diagnostic decisions.

The architecture consists of four stages. First, six synchronous vibration channels are
acquired from rotor displacement sensors and casing acceleration sensors and buffered
into sliding windows [26]. Second, the buffered signals are segmented into fixed-length
windows as described in Section 2.2. Channel-wise normalization is then applied using
statistics estimated only from the training and validation data, so that target-domain
information is not leaked into preprocessing. Third, each normalized window is processed
by a temporal 1D deep backbone. We consider three source-only backbones under the same
evaluation framework: a lightweight 1D CNN, its SE-enhanced variant, and a ResNet1D
baseline. Fourth, global pooling and a linear classifier produce class logits and window-
level diagnostic decisions.

3.1.1. Engineering Monitoring Interface and Input–Output Definition

From an engineering viewpoint, the HIT benchmark provides six synchronous vi-
bration channels that mimic an aero-engine rotor–casing monitoring configuration [26].
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Two channels correspond to rotor-related displacement measurements, and four channels
correspond to casing-mounted acceleration measurements near the inter-shaft bearing
support. The acquisition is sampled at 25,000 Hz in the dataset description [26]. Because
the released files do not consistently report physical units for all channels, and because
displacement and acceleration channels inherently differ in unit and dynamic range, we
treat the released sequences as calibrated sensor outputs and standardize them through the
deterministic normalization described in Section 3.2.

The model input is a six-channel time-domain window X ∈ R6×20480. The model
output is a per-window posterior probability over health states, followed by a diagnostic
decision after thresholding or class selection. This output supports two practical PHM
actions: rapid window-level alarming for operational awareness and optional logging of
high-confidence abnormal windows for subsequent maintenance analysis. The present study
focuses on condition monitoring and fault diagnosis rather than remaining-life prediction.

3.1.2. Time-Domain Windows and Cross-Bearing Evaluation

The input is kept in the time domain rather than being converted into handcrafted
RMS, FFT, or envelope-spectrum features. With a sampling frequency of 25,000 Hz and a
window length of T = 20,480, each input window spans 0.8192 s of vibration data. With
50% overlap, the monitoring system can update the window-level probability and alarm
decision every 0.4096 s under steady streaming. This update period provides a concrete
latency reference for PHM-oriented on-line condition monitoring.

Using time-domain windows preserves phase-consistent transient and modulation
patterns that may be attenuated by fixed feature pipelines. More importantly for this study,
it enables a direct stress test of source–target distribution mismatch under structured splits.
In deployment, the model must face new bearings or new assemblies whose transfer paths,
sensor responses, and nuisance factors can differ from those observed during training, even
when the nominal fault type is the same [19,20]. Therefore, cross-bearing evaluation is
essential for assessing whether a model trained on source bearings can transfer to unseen
target bearings.

3.1.3. Pipeline Summary

The key design principle is deployable end-to-end learning. Once segmentation and
normalization are fixed, all remaining steps from raw multi-sensor windows to diagnostic
decisions are learned jointly. This enables a controlled comparison between random
segment-level evaluation and cross-bearing evaluation.

Figure 1 illustrates the proposed pipeline. The detailed architecture of the baseline
HitCNN1D backbone is described in Section 3.3, and the ResNet1D configuration is sum-
marized in Table 1.

Table 1. Detailed architecture of the ResNet1D baseline used in this study. The implementation uses
a base channel width of 32.

Stage Layer Type Kernel Stride Output Channels

Input Six-channel vibration window – – 6
Stem Conv1D + BN + ReLU + MaxPool1D 7, 3 2, 2 32
Stage 1 2 × BasicBlock1D 3 1 32
Stage 2 2 × BasicBlock1D with shortcut downsampling 3 2 64
Stage 3 2 × BasicBlock1D with shortcut downsampling 3 2 128
Stage 4 2 × BasicBlock1D with shortcut downsampling 3 2 256
Output Global average pooling + fully connected layer – – 256
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https://doi.org/10.3390/aerospace13070591


Aerospace 2026, 13, 591 8 of 21

Figure 1. Proposed end-to-end vibration fault diagnosis system architecture diagram.

3.2. Signal Preprocessing and Normalization

Let X ∈ RC×T denote a segmented multi-sensor window, as shown in Equation (1).
We firstly perform channel-wise z-score normalization:

x̃c,t =
xc,t − µc

σc
, (3)

where µc and σc are estimated from the training+validation set for channel c. This choice
is essential under cross-bearing evaluation, as using test-bearing statistics would implic-
itly leak target-domain information and distort the interpretation of domain shift [17,18].
Conceptually, global z-score normalization reduces sensor gain differences and stabilizes
optimization, while preserving relative amplitude contrasts that may be diagnostically
meaningful [12].

We further evaluate a per-segment RMS scaling:

x̂c,t =
x̃c,t√

1
T ∑T

t=1 x̃2
c,t + ϵ

, (4)

which enforces unit energy per segment. The motivation is to reduce amplitude variability
caused by operating speed differences or sensor mounting, thereby potentially improving
cross-bearing transfer [18,19]. However, aggressive energy normalization may also sup-
press physically meaningful amplitude modulations associated with faults—particularly
when the backbone lacks mechanisms to re-emphasize informative channels, and hence its
net effect must be empirically validated as shown in Section 4.6.

3.3. Baseline 1D CNN Backbone

The baseline backbone HitCNN1D is a compact four-stage temporal CNN that balances
representation capacity and computational efficiency. It uses strided convolutions and
max pooling to progressively reduce temporal resolution while increasing the feature
dimension [13,28]. Concretely, it comprises:

• Conv1: 16 filters, kernel size 5, stride 2, followed by BatchNorm and max pooling;
• Conv2: 32 filters, kernel size 5, stride 2, followed by BatchNorm and max pooling;
• Conv3: 64 filters, kernel size 3, stride 2, followed by BatchNorm and max pooling;
• Conv4: 128 filters, kernel size 3, stride 2, followed by BatchNorm and max pooling.

https://doi.org/10.3390/aerospace13070591
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An adaptive average pooling aggregates the temporal dimension, producing a 128-
dimensional representation that is mapped to logits by a linear classifier.

The role of HitCNN1D in this paper is diagnostic rather than purely competitive: it
provides a transparent baseline to separate two factors often conflated in the literature:
(i) in-domain performance under random splits and (ii) robustness under cross-bearing
domain shift. As shown in Section 4, near-perfect scores under random splits do not
translate to unseen-bearing settings, suggesting that source–target distribution shift is a
major bottleneck under the tested source-only protocols.

3.4. ResNet1D Baseline with Residual Learning

To explicitly test whether increasing backbone capacity can mitigate cross-bearing
domain shift under a source-only training protocol, we implement a ResNet-18-style 1D
convolutional baseline [29]. The model follows the residual-learning principle of the
original ResNet architecture, but all two-dimensional convolutional operations are replaced
by one-dimensional temporal convolutions for multi-channel vibration sequences.

The ResNet1D implementation begins with a stem layer consisting of a 7 × 1 temporal
convolution with stride 2, batch normalization, ReLU activation, and max pooling. It
is followed by four residual stages, each containing two BasicBlocks. Each BasicBlock
contains two 3 × 1 convolutional layers with batch normalization and ReLU activation.
When the temporal resolution or channel dimension changes between stages, the shortcut
branch uses a 1 × 1 convolution with the corresponding stride for downsampling. In
our implementation, the base channel width is 32, so the four residual stages have 32,
64, 128, and 256 channels, respectively. Global average pooling is applied at the end to
produce a 256-dimensional feature vector, which is mapped to the class logits by a fully
connected layer.

Compared with the lightweight HitCNN1D backbone, the ResNet1D baseline has
greater depth, residual connections, and a larger final representation dimension. Including
this stronger backbone allows us to examine whether the cross-bearing degradation is
primarily caused by insufficient representation capacity or by source–target distribution
mismatch. We emphasize that this comparison is not intended to exhaust all possible
deep architectures. Rather, it provides a controlled source-only baseline for evaluating
whether a commonly used deeper residual backbone can reduce the observed cross-bearing
degradation under the same data split, preprocessing, and model-selection protocol.

3.5. SE-CNN with Channel Attention

To examine whether channel-wise feature recalibration can improve robustness under
heterogeneous sensing and cross-bearing domain shift, we augment HitCNN1D with
squeeze-and-excitation (SE) modules and denote the resulting model as HitCNN1D_SE [16].
The backbone topology is kept identical to HitCNN1D, except that one SE block is inserted
into each convolutional stage. Specifically, the placement is

Conv1D → BatchNorm → ReLU → SE block → MaxPool1D.

Thus, the SE block is applied after nonlinear feature extraction and before temporal
downsampling. This placement allows the model to recalibrate channel responses before
max pooling discards part of the temporal information.

For a feature map F ∈ RK×L with K channels and temporal length L, the squeeze
operation first applies global average pooling along the temporal dimension:

zk =
1
L

L

∑
l=1

Fk,l , k = 1, . . . , K. (5)
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The excitation operation then uses a two-layer bottleneck multilayer perceptron to
generate channel-wise gates:

s = σ(W2 δ(W1z)), (6)

where δ(·) denotes the ReLU activation and σ(·) denotes the sigmoid function. The re-
duction ratio is set to 16 in all SE blocks. The recalibrated feature map is obtained by

F̃k,l = skFk,l . (7)

In the context of multi-sensor vibration learning, SE attention provides a lightweight
inductive bias for adaptively reweighting intermediate feature channels. This is relevant
because different rotor and casing sensors can contain different mixtures of fault-related
evidence and bearing-specific nuisance responses. However, SE attention is not treated as a
domain-adaptation mechanism in this work. As shown in Section 4, its benefit under cross-
bearing evaluation is limited and split-dependent, and it does not remove the false-alarm
risk caused by source–target mismatch.

3.6. Training Configuration and Implementation Details

All models are implemented in PyTorch [30]. We optimize standard unweighted
cross-entropy loss using Adam [15] and employ batch normalization to stabilize deep
optimization [14]. Unless otherwise stated, the mini-batch size is 32 and the initial learning
rate is 1 × 10−4. Model selection is based on the validation loss: the checkpoint with the
lowest validation loss is retained and evaluated on the held-out test domain. The test set is
not used for early stopping, normalization-statistic estimation, or hyperparameter tuning.

For the source-only experiments reported in this paper, we do not use data augmenta-
tion, class-weighted loss, oversampling, undersampling, synthetic resampling, domain-
adversarial learning, or target-domain calibration. This design choice keeps the experimen-
tal objective clear. The purpose is not to propose a final domain-robust diagnosis algorithm,
but to establish a reproducible baseline and quantify how strongly the evaluation protocol
affects the apparent deployability of end-to-end vibration diagnosis models.

The same preprocessing and source–target split definitions are used for HitCNN1D,
HitCNN1D_SE, and ResNet1D. For cross-bearing experiments, normalization statistics
are estimated only from the source-domain training and validation data and then applied
to the target-domain test data. This prevents target-domain statistic leakage. Under this
controlled setup, the comparison between the lightweight CNN-family models and the
deeper ResNet1D baseline isolates the effect of backbone capacity under the present source-
only training protocol.

4. Experimental Results
4.1. Common Experimental Settings

All experiments are implemented in PyTorch and trained with Adam optimization
and cross-entropy loss. The mini-batch size is set to 32 and the initial learning rate is set to
1 × 10−4. Model selection follows an early-stopping strategy based on the validation loss,
and the checkpoint with the lowest validation loss is retained for test evaluation. Unless
otherwise stated, the test set is never used for model selection, normalization-statistic
estimation, or hyperparameter adjustment.

The experimental protocols are summarized in Table 2. For random-split experiments,
all segmented windows are randomly divided at the segment level into training, validation,
and test subsets with a stratified 64%/16%/20% ratio. This setting allows windows from
the same physical bearing to appear in both training and testing, and therefore represents an
in-domain interpolation protocol rather than a deployment-oriented generalization test. For
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cross-bearing experiments, the split is performed at the bearing level. The source-domain
bearings are used only for training and validation, while the target-domain bearings are
held out for final testing.

Table 2. Summary of the experimental protocols and data splits. In the binary cross-bearing task,
data1 and data2 correspond to normal bearings, while data3 and data4 correspond to inner-race
fault bearings. data5 corresponds to the outer-race fault bearing.

Experiment Task Split Type Training/Validation Data Test Data

Experiment
0

Binary detection:
normal vs. fault

Random
segment-level
split

All bearings; stratified
train/validation split, 1543/386
segments

Randomly held-out test set, 483
segments

Experiment 1Three-class
diagnosis: normal
vs. inner vs. outer

Random
segment-level
split

All bearings; stratified
train/validation split, 1543/386
segments

Randomly held-out test set, 483
segments

Experiment 2aBinary detection:
normal vs. inner

Cross-bearing
split

Source domain: data1 normal + data3
inner; 806/202 train/validation
segments

Target domain: data2 normal + data4
inner; 954 segments

Experiment 2bExtended
label-space
cross-bearing
evaluation

Cross-bearing
split

Source domain: data1 normal + data3
inner + data5 outer; 1166/292
train/validation segments

Target domain: data2 normal + data4
inner; 954 segments

Permutation
study

Binary detection:
normal vs. inner

Four
cross-bearing
permutations

Four source-domain pairs; each split
with a stratified 80%/20%
train/validation ratio

Each target-domain pair is held out for
testing; target size is 954 or 1008
segments depending on the
permutation

For cross-bearing experiments, channel-wise z-score normalization is fitted using
source-domain training and validation data only. The same source-domain statistics are
then applied to the held-out target domain. No target-domain statistics are used during
preprocessing. This design avoids test-domain information leakage and keeps the eval-
uation aligned with deployment, where the target bearing is not available during model
development.

The class distribution is moderately imbalanced in the three-class setting because
the outer-race class contains fewer segments than the normal and inner-race classes. To
avoid masking this imbalance with overall accuracy alone, we report macro F1-score and
class-wise recall. For all experiments reported in this paper, we use standard unweighted
cross-entropy loss and do not apply class-weighted loss, oversampling, undersampling, or
synthetic resampling. This choice keeps the study focused on the source-only evaluation
protocol and avoids introducing additional balancing mechanisms that could confound the
interpretation of cross-bearing domain shift.

For the cross-bearing binary setting, we evaluate accuracy, macro F1-score, and class-
wise recall. In particular, normal-class recall is highlighted because it directly reflects the
false-alarm tendency, which is a critical engineering concern for on-line monitoring.

In addition to overall accuracy and macro F1-score, we report three deployment-
oriented indicators: balanced accuracy, false-alarm rate (FAR), and miss rate. For binary
classification, these quantities are computed as
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Balanced Acc. =
1
2
(RecallNormal + RecallFault),

FAR = 1 − RecallNormal, Miss = 1 − RecallFault.
(8)

These indicators are more aligned with on-line alerting than accuracy alone because
they separate nuisance alarms from undetected faults.

4.2. Experiment 0: Binary Random Split

The first experiment aims to verify whether the proposed end-to-end pipeline can
recover the simple decision boundaries in the HIT dataset when the training and test
samples are drawn from the same distribution. To this end, all faulty samples containing
inner and outer-race damage are merged into a single fault class, leading to a binary
problem ( normal vs. fault) under a random segment-level split across all bearings.

As shown in Table 3, under this setting, the baseline HitCNN1D already achieves
essentially perfect performance, with test accuracy reaching 100% and both precision and
recall being identical for the two classes. The corresponding confusion matrix is strictly
diagonal, indicating that the model makes no observed misclassification on the held-out
test set. This behavior shows that, when explicit cross-bearing shift is not imposed, the
broadband multi-sensor signatures in the HIT dataset are highly separable by a relatively
shallow 1D CNN.

Table 3. Experiment 0—random binary classification (normal vs. fault).

Class Precision Recall F1-Score Support

Normal 1.0000 1.0000 1.0000 191
Fault 1.0000 1.0000 1.0000 292
Overall accuracy 1.0000 (483/483)

From an engineering perspective, Experiment 0 serves two important purposes. First,
it validates the correctness of the overall pipeline including segmentation, normalization,
model implementation, and training code, because even subtle bugs would typically
manifest as non-trivial error rates. Second, it confirms that the HIT dataset contains
sufficiently strong discriminative structure at the segment level under matched conditions.
Therefore, the poor generalization observed later in cross-bearing experiments is unlikely
to be caused solely by a fundamentally ill-posed classification problem; rather, it is closely
associated with the mismatch between training and deployment domains.

Because the random split already yields saturated performance with a compact CNN,
additional backbone comparisons under this protocol are not informative; we therefore
focus stronger baselines on the cross-bearing setting where distribution shift is explicit.

4.3. Experiment 1: Three-Class Random Split

We next consider a more fine-grained three-class classification problem distinguishing
normal, inner-race fault, and outer-race fault. The same random segment-level split strategy
as in Experiment 0 is employed across all five bearings, so that the training and test segments
are drawn from a matched segment-level distribution rather than from held-out bearing
domains.

As shown in Table 4, under this setting, HitCNN1D maintains excellent performance,
with the test accuracy again reaching 100%, and the confusion matrix remains perfectly
diagonal, with 191/191 normal segments, 202/202 inner-race segments, and 90/90 outer-
race segments correctly classified. All per-class F1-scores are equal to 1.0. These results
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indicate that, under matched conditions, the proposed architecture is capable not only of
detecting the presence of a fault but also of distinguishing between inner- and outer-race
damage with negligible error.

Table 4. Experiment 1—random three-class classification.

Class Precision Recall F1-Score Support

Normal 1.0000 1.0000 1.0000 191
Inner 1.0000 1.0000 1.0000 202
Outer 1.0000 1.0000 1.0000 90
Overall accuracy 1.0000 (483/483)

From a diagnostic viewpoint, Experiment 1 suggests that the multi-sensor features
extracted by the CNN effectively encode both global energy patterns and more subtle
spectral–temporal signatures associated with different fault locations. However, at the same
time, the almost saturating metrics highlight a limitation of purely random splits that they
drastically underestimate the difficulty of cross-machine deployment, and therefore cannot
be the sole basis for evaluating algorithms intended for whole-engine health monitoring.

4.4. Experiment 2a: Cross-Bearing Binary Split (Normal vs. Inner)

To better approximate deployment on unseen hardware, Experiment 2a introduces a
binary cross-bearing evaluation protocol that explicitly enforces distribution shift between
the source and target domains. In the representative split, data1 normal and data3 inner-
race fault samples are used as the source domain for training and validation, while data2
normal and data4 inner-race fault samples are held out as the target domain for final
testing. This setup yields 1008 source segments, including 504 normal and 504 inner-race
segments, and 954 target segments, including 450 normal and 504 inner-race segments. The
target-domain bearing data are not used for training, validation, normalization-statistic
estimation, or model selection.

Table 5 reports a representative single-run classification result under this cross-bearing
protocol. The purpose of this table is not to claim statistical stability from a single seed,
but to expose the dominant error mode in a transparent class-wise form. To assess seed-
level variability, the same source–target split is repeated with five random seeds and
summarized later. The multi-seed results further show that cross-bearing performance is
not only low but also unstable, indicating strong sensitivity to optimization stochasticity
under source–target mismatch.

For the baseline HitCNN1D, the representative result shows a near-complete collapse
on both classes, with an overall accuracy of 0.0042. This indicates that the decision rule
learned from the source bearings does not transfer reliably to the held-out target bearings
in this representative run. More importantly, the normal class is not recognized at all
in this run. In an on-line PHM system, such behavior would produce continuous or
near-continuous false alarms when the target bearing is actually healthy.

The SE-enhanced model improves the representative accuracy to 0.1509 and recov-
ers a small fraction of both normal and fault samples. This suggests that channel-wise
recalibration can provide some structured benefit by reweighting intermediate feature
channels. However, the absolute performance remains far below deployable levels, and
the normal-class recall is still only 0.0711 in the representative run. Therefore, SE attention
should be interpreted as a limited architectural enhancement rather than as a solution to
cross-bearing domain shift.

The ResNet1D baseline achieves the highest representative accuracy among the three
models in Table 5, reaching 0.2338, mainly because it recovers more inner-race fault samples.
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Nevertheless, its normal-class recall remains 0.0000 in this run, corresponding to a false-
alarm rate of 1.0000. This indicates that a deeper residual backbone can improve part of
the fault sensitivity but still fails to identify healthy operation in the unseen target bearing.
Thus, the result does not support deployment-ready generalization.

Table 5. Experiment 2a: cross-bearing binary classification for one representative run. The task is
normal vs. inner-race fault detection.

(a) Baseline HitCNN1D

Class Precision Recall F1-Score Support

Normal 0.0000 0.0000 0.0000 450
Inner 0.0083 0.0079 0.0084 504
Overall
accuracy 0.0042 (4/954)

Macro avg 0.0042 0.0040 0.0042 954

(b) HitCNN1D with SE attention

Class Precision Recall F1-Score Support

Normal 0.0755 0.0711 0.0732 450
Inner 0.2113 0.2222 0.2166 504
Overall
accuracy 0.1509 (144/954)

Macro avg 0.1434 0.1467 0.1449 954

(c) ResNet1D

Class Precision Recall F1-Score Support

Normal 0.0000 0.0000 0.0000 450
Inner 0.3314 0.4425 0.3789 504
Overall
accuracy 0.2338 (223/954)

Macro avg 0.1657 0.2212 0.1895 954

4.5. Experiment 2b: Extended Label-Space Cross-Bearing Evaluation

Experiment 2b extends the source-domain label space from binary detection to three
output classes: normal, inner-race fault, and outer-race fault. In this setting, the source
domain consists of data1 normal, data3 inner-race fault, and data5 outer-race fault sam-
ples, while the target domain consists of data2 normal and data4 inner-race fault samples.
Therefore, this experiment should be interpreted as an extended label-space cross-bearing
evaluation rather than a complete three-class target-domain fault-localization benchmark,
because no outer-race target bearing is available in the held-out target set.

This design is still useful for evaluating deployment robustness. The model is trained
to distinguish three health-state outputs in the source domain, but it must generalize to
unseen target bearings whose samples belong only to the normal and inner-race classes.
Any prediction of the outer-race class for target-domain normal or inner-race samples is
counted as an error. Thus, Experiment 2b tests whether increasing label granularity in the
source domain further destabilizes target-domain recognition.

Table 6 shows that both source-only models remain far from deployable performance
under the extended label-space setting. The baseline HitCNN1D achieves only 0.0545
accuracy and 0.0536 macro F1-score, indicating severe target-domain recognition failure.
The SE-enhanced model improves the accuracy to 0.2096 and the macro F1-score to 0.1803,
but the absolute performance remains low. Therefore, the result should not be interpreted
as successful three-class cross-bearing localization. Instead, it reinforces the main finding
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that source-trained models can fail sharply when evaluated on unseen bearing domains,
especially when the classifier is trained with a larger label space.

Table 6. Experiment 2b: extended label-space cross-bearing evaluation. The source domain includes
normal, inner-race, and outer-race classes, while the held-out target domain contains normal and
inner-race samples only.

Model Test Accuracy Macro F1-Score

HitCNN1D 0.0545 0.0536
HitCNN1D with SE attention 0.2096 0.1803

4.6. Ablation Study: Effect of RMS Normalization and Architecture

To isolate the effects of channel attention and RMS energy normalization under se-
vere domain shift, we conduct an ablation study within the lightweight CNN family
and evaluate four variants: (1) HitCNN1D, (2) HitCNN1D with RMS normalization,
(3) HitCNN1D_SE, and (4) HitCNN1D_SE with RMS normalization. In addition, we
report a stronger ResNet1D backbone as an extra baseline under the same cross-bearing
protocol, while keeping RMS ablation within the CNN family to avoid unnecessary experi-
mental expansion. Since cross-bearing results are sensitive to initialization and optimization
stochasticity, we repeat each setting with five random seeds and report mean ± standard
deviation. Across seeds, we keep the held-out target bearing fixed so that the reported
variance reflects training randomness rather than a change of test domain.

Table 7 yields four engineering-relevant observations for the original cross-bearing
split. First, the baseline CNN exhibits large seed-to-seed variance, indicating that cross-
bearing generalization is not only weak but also unstable. This instability is consistent
with severe source–target mismatch, where the optimizer may converge to qualitatively
different decision rules depending on initialization.

Table 7. Multi-seed comparison under cross-bearing fault diagnosis: ablation on SE attention and
RMS normalization within the lightweight CNN family, plus a stronger ResNet1D backbone baseline.

Model Accuracy Macro F1 Normal Recall

CNN (baseline) 0.1566 ± 0.1679 0.1251 ± 0.1295 0.0116 ± 0.0159
CNN + RMS 0.0711 ± 0.0850 0.0618 ± 0.0713 0.0000 ± 0.0000
SE–CNN 0.1692 ± 0.1288 0.1364 ± 0.0943 0.0124 ± 0.0278
SE–CNN + RMS 0.0839 ± 0.0863 0.0730 ± 0.0695 0.0000 ± 0.0000
ResNet1D 0.2218 ± 0.0955 0.1909 ± 0.0767 0.1169 ± 0.1549

Second, SE attention provides a modest improvement in this particular split, with
slightly higher mean accuracy and macro F1-score than the plain CNN. However, the
normal-class recall remains close to zero. Therefore, the gain from channel attention
should be interpreted as limited rather than as a complete solution to cross-bearing domain
shift. In deployment terms, the dominant failure mode is still the inability to recognize
normal conditions in the unseen target bearing, which would translate into frequent
nuisance alarms.

Third, per-segment RMS normalization consistently degrades the cross-bearing results
and collapses normal-class recall to zero in the RMS-normalized variants. This indicates that
aggressive energy normalization can suppress amplitude contrasts that remain informative
for identifying normal operation under domain shift. From a deployment perspective, the
RMS-normalized variants would label nearly every normal target-domain window as fault,
which is unacceptable for on-line condition monitoring.
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Fourth, the deeper ResNet1D baseline improves the average accuracy and macro
F1-score relative to the lightweight CNN-family models in this split, but its deployment-
oriented metrics remain poor. Over five random seeds, ResNet1D achieves an accuracy
of 0.2218 ± 0.0955 and a macro F1-score of 0.1909 ± 0.0767, while the normal-class recall
remains low at 0.1169 ± 0.1549. Given Equation (8), this corresponds to a high false-alarm
rate of 0.8831 ± 0.1549. Therefore, within the tested source-only CNN and ResNet1D back-
bones, increasing backbone capacity alone does not eliminate the cross-bearing degradation
under the present protocol.

4.7. Robustness Across Multiple Cross-Bearing Permutations

The original Experiment 2a uses one source–target bearing split. To examine whether
the observed degradation is an artifact of this particular split, we further conduct an
additional permutation study for the binary normal-vs.-inner-race task. Four cross-
bearing permutations are evaluated: source data1+data3 to target data2+data4, source
data1+data4 to target data2+data3, source data2+data3 to target data1+data4, and
source data2+data4 to target data1+data3. For each permutation, the source domain
is split into training and validation subsets with a stratified 80%/20% ratio, while the target
domain is used only for final testing. Each setting is repeated with five random seeds. The
permutation study evaluates the source-only CNN, SE-CNN, and ResNet1D backbones
without RMS normalization.

Table 8 further indicates that the cross-bearing degradation is not solely attributable
to a single unfavorable source–target split. Across all four permutations, the source-
only CNN and SE-CNN achieve similar aggregate performance, with accuracy around
0.36 and normal-class recall below 0.06. This indicates that the benefit of SE attention is
split-dependent and limited under the present source-only training protocol. ResNet1D
provides a modest average improvement, increasing the aggregate accuracy to 0.3905 and
the macro F1-score to 0.3197. However, its normal-class recall remains only 0.1197 ± 0.1816,
corresponding to a false-alarm rate of 0.8803± 0.1816. Therefore, even the stronger residual
backbone remains far from deployment-ready cross-bearing generalization.

Table 8. Aggregate performance over four binary cross-bearing permutations and five random seeds
per permutation. Values are reported as mean±standard deviation over 20 runs for each model.

Model Accuracy Macro F1 Balanced Acc. Normal Recall FAR Miss Rate

CNN 0.3593 ± 0.1680 0.2815 ± 0.1362 0.3510 ± 0.1635 0.0517 ± 0.0925 0.9483 ± 0.0925 0.3496 ± 0.2932
SE–CNN 0.3592 ± 0.1592 0.2819 ± 0.1244 0.3509 ± 0.1549 0.0566 ± 0.1087 0.9434 ± 0.1087 0.3548 ± 0.2865
ResNet1D 0.3905 ± 0.1460 0.3197 ± 0.1364 0.3832 ± 0.1442 0.1197 ± 0.1816 0.8803 ± 0.1816 0.3533 ± 0.2712

These additional results strengthen the central finding of this study. Random segment-
level splits produce near-ceiling performance because the training and test samples share
bearing-specific characteristics. In contrast, when the model is evaluated on unseen bear-
ings, the learned source-domain decision boundary does not transfer reliably. The dominant
practical consequence is not merely a reduction in accuracy, but a persistent tendency to
classify target-domain normal operation as fault. This behavior would generate frequent
false alarms in an on-line PHM system and highlights the need for future work on domain
adaptation, domain generalization, calibration, or sequential decision logic.

5. Discussion and Deployment Considerations
5.1. Lessons from Random and Cross-Bearing Evaluation

Experiments 0 and 1 show near-ceiling performance under random segment-level
splits, where both the binary detection task and the three-class discrimination task reach
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100% test accuracy. These results indicate that the HIT inter-shaft bearing benchmark
contains highly discriminative information at the segment level when training and test
data are drawn from the same bearing domain. They also validate the basic correctness
of the implemented pipeline, including segmentation, normalization, model training, and
inference. However, such saturated performance should not be interpreted as evidence
of deployment-ready generalization. Because windows from the same physical bearing
can appear in both training and test subsets under random splitting, the evaluation may
allow bearing-specific or run-specific signatures to be shared between the two subsets.
Therefore, random segment-level testing mainly reflects in-domain interpolation and can
lead to overly optimistic conclusions about real-world performance.

The contrast becomes clear under the cross-bearing protocol of Experiment 2a. When
the target bearing domain is held out, the lightweight CNN-family models exhibit low
accuracy, low macro F1-score, and large seed-to-seed variability. In particular, the baseline
HitCNN1D yields low mean accuracy and almost vanishing normal-class recall under
the representative cross-bearing split. This failure mode is asymmetric. The dominant
error is not merely a uniform reduction of classification quality, but a tendency to classify
target-domain normal windows as fault. In an on-line PHM system, this behavior would
lead to frequent nuisance alarms and could reduce operator trust in the diagnostic system.

SE attention provides a limited architectural improvement in the representative cross-
bearing split, but its effect is not sufficient to remove the deployment risk. The SE-enhanced
model slightly improves mean accuracy and macro F1-score in the original split, yet
the normal-class recall remains close to zero. The additional permutation study fur-
ther shows that the aggregate performance of CNN and SE-CNN is similar across four
source–target combinations. Therefore, SE attention should be interpreted as a lightweight
channel-recalibration mechanism with split-dependent benefits, rather than as a domain-
robustness solution.

The RMS ablation also highlights that preprocessing is not a neutral implementation
detail. Per-segment RMS normalization is often used to reduce amplitude variability,
but in this benchmark it degrades the cross-bearing results and collapses normal-class
recall in the RMS-normalized variants. One possible explanation is that amplitude-related
information remains useful for distinguishing normal and fault states under the HIT setting,
and aggressive per-window energy normalization may suppress this information. This
observation suggests that normalization strategies should be evaluated as part of the
deployment protocol rather than treated as purely numerical preprocessing.

A natural question is whether the poor cross-bearing performance mainly reflects
limited model capacity. To examine this issue, we include a deeper ResNet1D baseline
under the same source-only split, preprocessing, and model-selection protocol. ResNet1D
improves the average accuracy and macro F1-score relative to the lightweight CNN-family
models in the representative split, and it also provides the best aggregate accuracy in the
permutation study. However, its deployment-oriented indicators remain unfavorable. In
the representative split, its normal-class recall remains low and the false-alarm rate remains
high. Across the four permutation splits, its aggregate false-alarm rate is also still far from
acceptable for deployment. These outcomes indicate that, within the tested source-only
CNN and ResNet1D backbones, increasing backbone capacity alone does not eliminate the
cross-bearing degradation. The dominant bottleneck under the present protocol appears
to be source–target distribution mismatch, which is consistent with the dataset-shift and
domain-adaptation perspectives.
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5.2. Implications for Deployment: False Alarms, Misses, and Calibration

The cross-bearing findings have direct implications for practical PHM deployment. In
a realistic monitoring system, the diagnostic input is a continuously updated multi-sensor
time-domain window, and the output is a per-window fault probability followed by an
alarm or diagnostic decision. Under this workflow, overall accuracy alone is insufficient to
characterize operational risk. A model can obtain non-trivial accuracy while still generating
frequent nuisance alarms if it fails to recognize normal operation in an unseen target
domain. This is why balanced accuracy, false-alarm rate, miss rate, and class-wise recall are
necessary complements to overall accuracy.

False alarms and missed detections represent different but coupled engineering risks.
A high false-alarm rate threatens operability by triggering nuisance alerts, alarm fatigue,
unnecessary inspection, and reduced trust in the monitoring system. A high miss rate
threatens safety by allowing true fault signatures to remain undetected. The cross-bearing
results show that random-split-validated models can exhibit severe false-alarm behavior
when applied to unseen bearings, even when the same diagnostic labels are used. Therefore,
a single-window classifier trained only on source-domain bearings should not be directly
treated as a deployment-ready alarm system.

A deployable PHM system would require additional decision layers beyond the source-
only classifier evaluated in this paper. Possible mechanisms include threshold calibration
under explicit false-alarm constraints, temporal smoothing of window-level predictions,
sequential decision logic, uncertainty estimation, and domain-robust representation learn-
ing. Such mechanisms are outside the scope of the present baseline study, but the proposed
evaluation protocol and reported metrics provide a concrete basis for testing them. In
particular, future methods should be evaluated not only by mean accuracy, but also by their
ability to reduce false alarms while preserving fault sensitivity on held-out target bearings.

5.3. Relation to Domain Adaptation and Domain Generalization

The present work does not propose a domain-adaptation or domain-generalization
algorithm. Instead, it establishes a source-only baseline and a deployment-oriented evalua-
tion protocol for aero-engine-relevant multi-sensor vibration diagnosis. This distinction is
important. The poor cross-bearing results should not be read as evidence that deep learning
is unsuitable for aero-engine PHM. Rather, they indicate that conventional source-only
training and random segment-level validation are insufficient for assessing deployability
under unseen-bearing conditions.

The results also clarify how future domain-robust methods should be evaluated.
Domain-adversarial learning, discrepancy minimization, self-supervised pretraining, con-
trastive learning, physics-aware representation learning, and target-domain calibration are
all plausible directions for improving robustness under source–target mismatch. However,
these methods should be tested under bearing-level or engine-level held-out protocols, and
their gains should be reported using deployment-oriented metrics. Otherwise, improve-
ments under random splits may still reflect in-domain interpolation rather than genuine
cross-domain transfer.

From this perspective, the contribution of the present study is not a new adaptation
mechanism, but a reproducible diagnostic baseline and a protocol-level warning. Random
segment-level splits can make the benchmark appear solved, whereas cross-bearing evalua-
tion reveals substantial false-alarm risk. This finding provides a stricter reference point for
subsequent work that aims to improve cross-bearing or cross-engine generalization.
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5.4. Limitations and Future Work

This study is intentionally scoped as a protocol-driven baseline on a rare aero-engine-
relevant multi-sensor vibration benchmark. Several limitations should be stated clearly.
First, the experiments are conducted on one public HIT inter-shaft bearing dataset and
a limited set of bearing fault classes. Therefore, the conclusions should be interpreted as
evidence about cross-bearing shift on this benchmark rather than universal claims about
all aero-engine vibration diagnosis tasks. Second, the evaluated models are trained under
standard source-only empirical risk minimization without explicit domain adaptation,
physics-guided constraints, target-domain calibration, or extensive data augmentation.
Third, although this revision adds multiple binary cross-bearing permutations and re-
ports multi-seed statistics, broader validation across additional aero-engine rigs, operating
regimes, and fault categories remains necessary.

These limitations motivate several concrete directions. One direction is to incorporate
domain robustness mechanisms, including domain-adversarial objectives, discrepancy min-
imization, self-supervised pretraining, and other transfer learning strategies that explicitly
target source-to-target mismatch. A second direction is to integrate operating-condition
information and physics-aware priors so that learned representations are encouraged to
align with fault-relevant dynamics rather than incidental bearing identity. A third direction
is to develop deployment-oriented decision logic, including calibrated operating thresholds,
temporal aggregation, uncertainty estimation, and alarm persistence rules. Finally, future
work should validate such methods on additional aero-engine or whole-engine datasets
and report performance under explicit false-alarm constraints to quantify robustness across
a broader range of target domains.

6. Conclusions
This study revises the evaluation of multi-sensor aero-engine-relevant vibration diagnosis

from a random segment-level testing problem to a cross-bearing generalization problem. Using
the HIT inter-shaft bearing benchmark, we show that random splits can yield near-ceiling
performance, whereas bearing-level held-out evaluation reveals severe degradation and high
false-alarm risk. The additional permutation study further indicates that this degradation
is not solely caused by one unfavorable source–target split. Within the tested source-only
CNN, SE-CNN, and ResNet1D backbones, increasing backbone capacity and adding channel
attention provide limited or split-dependent benefits but do not eliminate the cross-bearing
false-alarm problem. These results establish a reproducible source-only baseline and motivate
future work on domain adaptation, domain generalization, calibration, and sequential decision
logic for deployment-ready aero-engine PHM.
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